Scientific collaboration networks are an important component of scientific output and contribute significantly to expanding our knowledge and to the economy and gross domestic product of nations. Here we examine a dataset from the Mendeley scientific collaboration network. We analyze this data using a combination of machine learning techniques and dynamical models. We find interesting clusters of countries with different characteristics of collaboration. Some of these clusters are dominated by developed countries that have higher number of self connections compared with connections to other countries. Another cluster is dominated by impoverished nations that have mostly connections and collaborations with other countries but fewer self connections. We also propose a complex systems dynamical model that explains these characteristics. Our model explains how the scientific collaboration networks of impoverished and developing nations change over time. We also find interesting patterns in the behaviour of countries that may reflect past foreign policies and contemporary geopolitics. Our model and analysis gives insights and guidelines into how scientific development of developing countries can be guided. This is intimately related to fostering economic development of impoverished nations and creating a richer and more prosperous society.
Introduction
Scientific collaboration networks are an important component of scientific output and contribute significantly to expanding our knowledge and contribute to gross domestic product. Collaboration networks have been modelled before [1, 2] . Here we examine a novel dataset for the Mendeley collaboration network [3]: we find novel clusters of countries with different characteristics of collaboration. We propose a dynamical model that explains these characteristics. We also find interesting patterns in the behaviour of the countries that may reflect foreign policies and contemporary geopolitics.
Collaboration Data
We use a planetary scale collaboration data freely available for download from Mendeley Labs [3] . Analysis of this data with k-means clustering reveals the following patterns: a) We plot the percentage of external connections that each country has vs. the distinct number of countries each country is connected with. The plot shown below ( Fig. 1 ) has a distinctive shape. Each point on the plot is a distinct country. Fig. 1) ; it is interesting to note that there is no country in the 4th quadrant (top right: the UK is close to the 4 th quadrant). c) There are no countries with high share and high distinct number of countries connected with. Countries with a larger share of foreign connections and less distinct countries connected with are less developed nations.
d) The country with the highest number of distinct number of countries connected with and largest share of external connections is the UK (top rightmost in the plot).
d) The country with the lowest number of distinct number of countries connected with and lowest share of external connections is Algeria (bottom leftmost in the plot).
In order to explain these patterns, we propose a dynamical model for how the links are actually formed; for example poor countries might preferentially seek out collaborations with richer countries or richer countries might help disadvantaged nations (e.g. Liberia has 100% external connections). We simulate the time evolution of connections. Our dynamical model correctly predicts the broad observations of scientific connections of countries.
Mathematical Model
Our dynamical model has two compartments: developing countries (x) and developed countries (y). Developing countries grow their scientific expertise and selfconnections at a rate proportional to α*x (self-growth) and also by interacting with developed nations at a rate proportional to β*x*y. Developed nations (y) are assumed to have reached equilibrium of growth. The model, represented as differential equations is shown below:
Shown below (Fig. 2) is a simulation of how scientific connections of developing countries evolve over time for a chosen set of parameters.
For the same set of parameters we also simulated how the percentage of foreign connections should vary (over time) with the number of self-connections (Fig. 3) . This plot accurately recapitulates the patterns in the empirical data (Fig. 1) . It shows there are only 3 quadrants. It is consistent with and effectively recapitulates empirical data. 
Data and Statistical Methodology
All data is freely available from Mendeley Labs [3] . The table of the complete collaboration network is available for download [3] . The data was curated by Mendeley and a connection is defined as co-membership of two researchers in a Mendeley group. Further details of data pre-processing are available online [3].
All statistical analysis was conducted in MATLAB.
Discussion
We find novel patterns in the planetary scale collaboration dataset (Fig. 1) . The table of the complete collaboration network is available for download [3] . We note some interesting patterns in the data:
1) The UK has a very high percentage of foreign connections; this maybe because of its colonial past.
2) Less developed or poorer countries usually have a very high percentage of foreign connections.
3) Iran has a large number of foreign connections; it is interesting that this is so despite foreign sanctions imposed against it.
4) The largest or richest countries have more distinct foreign connections. This may suggest that the rest of the world wants to collaborate and form connections with others; this could also be driven by interest in issues relevant to poorer countries like tropical diseases, socio-economic research into poverty and archaeological research in countries in Africa.
5) India has more foreign connections than China.
6) The US has a lower percentage of foreign connections but in absolute numbers it has the highest number of connections.
7) The highest percentage of foreign connections is usually occupied by very poor countries (presumably they are trying to build capability in science and technology by collaboration), e.g. Liberia has 100% foreign connections. 8) Among the developed nations, the UK has the largest percentage of foreign connections (probably reflecting its colonial heritage) 9) Some countries like El Salvador have a low percentage of foreign connections (this could be as a result of the fact that the country was embroiled in civil war for a long time). The policy implications are that it shows a need for targeted relief at starting active science and research programs in these nations.
10) South Korea, Japan, Taiwan, Japan, Germany have a low percentage of foreign connections (they have a large number of absolute connections and it is possible that they have invested very heavily in their own science programs). This is interesting since these are highly developed countries.
11) Liberia has 100% external connections: this suggests that more efforts need to be taken to develop its own scientific infrastructure.
12) Cuba has very few connections (this is again possibly due to sanctions imposed against it).
In summary we propose a dynamical model that explains current trends of clustering in scientific collaboration network. Taken together our data and models show signatures of past and contemporary foreign policies and geopolitics on the scientific collaboration landscape.
Our analysis also points to the power and generality of dynamical systems in modelling diverse sociological, biological and technological systems [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] .
Our model and analysis gives insights and guidelines into how scientific development of developing countries can be guided. This is intimately related to fostering economic development of impoverished nations and creating a richer and more prosperous society.
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